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ABSTRACT
Listing people alphabetically on an electronic output device is a traditional technique, since al-
phabetical order is easily perceived by users and facilitates access to information. However, this
apparently harmless technique, especially when the list is ordered by first name, needs to be used with
caution by designers and programmers. We show, via empirical data analysis, that when an interface
displays people’s first name in alphabetical order in several pages/screens, each page/screen may
have imbalances in respect to gender of its Top-k individuals. k represents the size of the list of names
visualized first, which may be the number of names that fits in a screen page of a certain device.
The research work was carried out with the analysis of actual datasets of names of five different
countries. Each dataset has a person name and the frequency of adoption of the name in the country.
Our analysis shows that, even though all countries have exhibit imbalance problems, the samples of
individuals with Brazilian and Spanish first names are more prone to gender imbalance among their
Top-k individuals. These results can be useful for designers and engineers to construct information
systems that avoid gender bias induction.
Keywords Interface Systems · Gender Bias · Fairness Measure · Alphabetical Order
1 Introduction
In the context of Computer Science, an information system is considered biased when it systematically and unfairly
discriminates against certain individuals or groups of individuals in favor of others [1]. Bias in information systems
is not a new problem being intimately related to the way information is displayed and visualized. Friedman and
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Nissenbaum [1] described the controversial argument, from 40 years ago, between US airlines claiming that American
and United Airlines, through its air reservation information systems, made available to travel agencies, implemented
strategies that favored the two to the detriment of others [2]. The claim was that 90% of bookings made by travel agents
were from travel options that appeared on the first display screen (with no need to scroll down the page) [3]. American
and United flights were more likely to be chosen because they appear first. Since then, rankings and orderings and the
way they are displayed in devices have been investigated for their ability to induce bias in various domains [4, 5, 6, 7, 8].
In general, the problem of having a fair ranking so that the Top-k are exploited in an equanimous manner has been
characterized [9].
Classical HCI research works have already shown that the more distant the item is from a user the less is the probability
to be chosen by the users [10, 11]. Also, usability tests on scrolling user behavior show that Web users spend 80%
of their time looking at information above the page fold. Although users do scroll, they allocate only 20% of their
attention below the fold. It is natural to infer that items at the last screen page do not have the same chance of being
picked than the first ones.
While some work has pointed to the risks of favoring those that appear first in list views, there is no major concern
for HCI designers and software engineers in general when it comes to creating programs that display people’s names
in alphabetical order. In a quick survey on the Web, we found several examples of information systems in different
languages that display a list of individuals in an alphabetical order of their first name. Figure 1 shows screen photos of
two different information system interfaces, publicly available, in which an alphabetically ordered list of individuals
is provided for a user decision making. In A, an adoption support system [12] displays same-sex couples who share
the desire to adopt a child. The photo of the couples appears in several screen pages sorted alphabetically by the first
name of one of the partners, so that state officials, via scrolling, seek to allocate orphans to these couples. Similarly,
Figure 1 B illustrates another example of a system that can skew a person’s decision making. In the Brazilian electoral
period, the superior electoral court created a system that shows the alphabetical list of all candidates for the election
[13]. This practice is also reproduced by the main news portals of the country (e.g. www.globo.com, www.uol.com,
www.estadao.com, etc.) for helping undecided voters to look for a candidate.
Despite this context, we are not aware of any research work that investigated whether the simple act of displaying
people’s names in alphabetical order is capable of causing imbalances with respect to gender, which might induce
biased choices. By imbalances we mean that for a particular screen page in which part of a list of persons is displayed,
the proportion of men and women in this page is different from the proportion of the entire list. We aim at alerting
software engineers and HCI experts about the need of specific information visualization guidelines that avoid to show
unbalanced lists and in which circumstances this may provoke prejudice. This goal motivated us to answer the following
research questions:
• RQ1: For a list of people ordered by first names, is there any imbalance in the first pages that might favor or
penalize some gender?
• RQ2: Does gender imbalance vary as a function of the origin of the names?
• RQ3: Does gender imbalance depend on features of the list to be displayed (e.g. size of the list, the proportion
of men and women of the entire list) ?
• RQ4: Does gender imbalance depend on the size of the screen device (e.g. computer, smartphone, tablet),
which determines the size of the list that is displayed in the pages?
The empirical approach to analyze the research questions relies on real-world data analysis. In order to answer RQ1
and RQ2 we explore the characteristics of datasets (named here primary datasets) of first names of the population of
five countries. Each dataset has the frequency of adoption of the first name in the country. We use the statistical parity
technique and a fairness metric to identify from samples of individuals from each country’s datasets, the imbalances
that can induce bias [26].
We quantify the risk that a sample of N persons, when placed alphabetically by first name, shows an imbalance in the
Top-k (k ≤ N represents the amount of persons who are displayed in a screen page) individuals of the population in
relation to gender. In other words, this metric increases its value as function of the low representativeness of a gender,
in the Top-k individuals. For answering RQ3 and RQ4, the calculation of the fairness metric relies on the variation of
samples of the primary datasets containing the first names, organized by origin (country). The variation is estimated by
the size of the samples as well as the proportion of men and women. Doing so, it was possible to highlight in which
circumstances there is a greater risk of bias.
The main findings of this research are the following:
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Figure 1: Examples of systems that support user decision making by choosing individuals alphabetically ordered
by their first names. On the left is the interface of an adoption support system where the names of same-sex couples
wishing to adopt are introduced to people who want to donate. The couples are alphabetically ordered by one of the
partners name. On the right, a system to support the choice of candidates for the Brazilian Parliament. Candidates are
grouped by the States of the Federation in alphabetical order
• Finding 1: Displaying the alphabetical ordering of names of people may imply substantial gender imbal-
ances.When k, that represents the size of the first page of a device, is very small, (e.g., k ≤ 15), it is observed
that there are statistically fewer individuals of the female gender for four different countries(except Brazil),
demonstrating a low representation of women among the first elements of these samples. This observation
regarding the value of k is particularly relevant for HCI, given the typical size of device screens.
• Finding 2: Regarding the origin of the first names, we observed that gender imbalances are more likely to
occur in samples from datasets of individuals from Brazil and Spain.
• Finding 3: We show that samples with fractions of men and women similar to the fractions of the primary
dataset are more likely to have a gender imbalance. We show that the larger the sample, the greater the
imbalance. This occurs because of the occurrence of large sequences of repeated names of same gender that
ends up to dominate certain screen pages. When this occurs at the first pages, gender is imbalanced and may
lead to biased decisions
• Finding 4: As a consequence of finding #1, gender imbalance occurs in all devices for all primary datasets,
because small values of k have high imbalances).
The results emphasize the importance of guidelines on information visualization to be followed by software engineers,
HCI designers and practitioners in order to avoid unbiased choices with respect to gender from the display of alpha-
betically ordered names of people, We are in line with HCI works and standard [ISO 9241-210] that claim a broader
view on usability beyond efficiency aspects. One must also capture features as users’ perception [14, 15], emotion [16],
privacy [17], and cultural issues of a modern and sophisticated society, such as ethics.
2 MOTIVATION: THE CASE OF LISTING POLITICAL CANDIDATES
In this section, we present a real case study that shows the relevance of the problem discussed here. During the electoral
periods, Brazilian News portals (e.g., Globo Network, UOL, etc.) and official sites, such as the one of the Supreme
Election Court, list the names of politicians running for office. Usually, the sites list candidates in alphabetical order.
Our case study focuses on candidates for parliament. Brazilian electoral legislation requires that each political party
have at least 30% female candidates for each state of the Federation. As the choice of representatives is made by state,
all sites allow the consultation of candidates by state or political party. Even when a user applies a filter by party or
location, the list of candidates is shown in alphabetical order. If a user is using a computer screen to view candidates, the
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Figure 2: Figure 2. Examples of the first page after consulting the list of candidates from the State of São Paulo for the
Brazilian Parliament from three different devices. The values of k1 are 5, 9 and 15.
site typically returns the first fifteen candidates (see example in Figure 1). If the query is being made from a smartphone,
the number of candidates shown is smaller, about 5 per screen. Figure 2 shows an example of the same query made on
the Folha Portal1 from a notebook, tablet and smartphone. Due to the variability of the size of the devices, we decided
to conduct a study with the first page, k1, assuming the values of 5 for smartphone, 9 for tablet and 15 for notebook. We
investigate gender unbalanced in the list of candidates in the first page of these different devices.
Table 1 shows the results of the percentage of women on the front page for each of the 26 States of the Brazilian
Federation for the Federal Parliament (left) and State Parliament (right). The column size indicates the number of
candidates of each State. The lists of candidates for the State Parliament are always greater than the candidate list for
the federal parliament. The number of women and men in the first page was expected to be equal to the proportion of
the list of candidates (greater than or equal to 30% of women as required by law). The column Percfd indicates the
percentage of women candidates for the State. The results of Table 1 show no evidence that the balanced ratio required
by the legislation was achieved. Quite the contrary, the lists of the first pages for all States with k1 = 5, 9 and 15 exhibit
a different proportion of gender. Regarding candidates for the Federal Parliament, seven States have the percentage
of women lower than expected, for all values of k (AL, AM, BA, PR, RJ, SP,TO, in red at Table 1). In the two most
populous states (São Paulo-SP, Rio de Janeiro-RJ) with long lists of candidates, the percentage of women is lower,
being zero in SP for all values of k. For the State Parliaments, the gender imbalance is even bigger. In 14 States (AC,
AP, BA, ES, GO, PA, PE, PR, RJ, RO, SE, SP, TO) the percentage of women is lower than expected for all devices.
The number of times in which the percentage of women is lower than expected is 38 for the Federal Parliament and 55
for the State Parliaments. The results indicate the size of the list of candidates might be a factor that influences the
unbalance, as we discuss later in the paper.
3 Primary Datasets
In order to generalize the study previously presented, we chose five primary datasets that include the first names of
people from that were born or reside in five countries. In the five datasets, there is an association of the first name with
the number of individuals with that name and the gender associated with it. The datasets include a large number of
names from the French, American, Spanish, Brazilian and Scottish populations.
The dataset from France comes from the INSEE (National Institute of Statistics and Economic Studies) which collects,
produces, analyzes and disseminates information on the French economy and society. The INSEE provides an interactive
tool [18] that allows for access for each year, the ranking of the 100 most commonly registered first names for female
and for male babies. Therefore, in order to represent the French population, whose life expectancy is 82 years, according
to INSEE, we look at rankings from 1935 to 2017, with 47,896,230 people (71% of the total population), 25,247,187
(≈ 53%) men and 22,457,315 (≈ 47%) women.
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Table 1: Women percentage (Percf ) in the of candidates for the Federal Parliament and State Parliaments who are
displayed in the first page for different values of k1, that represent different devices, i.e., smartphone, tablet and
notebook.
Federal Parliament
State k1 = 5 k1 = 9 k1 = 15 size Percf
AC 0.4 0.33 0.33 83 0.34
AL 0.2 0.11 0.2 81 0.33
AM 0.0 0.22 0.27 142 0.31
AP 0.4 0.33 0.27 112 0.33
BA 0.2 0.22 0.2 481 0.32
CE 0.4 0.33 0.27 253 0.32
DF 0.2 0.44 0.47 183 0.32
ES 0.6 0.44 0.33 164 0.34
GO 0.4 0.44 0.47 212 0.33
MA 0.4 0.56 0.53 202 0.34
MG 0.2 0.33 0.6 889 0.31
MS 0.2 0.33 0.4 122 0.32
MT 0.2 0.56 0.4 136 0.35
PA 0.4 0.44 0.4 132 0.3
PB 0.2 0.33 0.27 149 0.31
PE 0.2 0.33 0.4 347 0.32
PI 0.6 0.33 0.27 134 0.33
PR 0.0 0.11 0.13 434 0.3
RJ 0.2 0.11 0.07 1119 0.31
RN 0.4 0.44 0.27 119 0.34
RO 0.4 0.22 0.4 106 0.34
RR 0.6 0.44 0.53 144 0.33
RS 0.6 0.44 0.33 414 0.33
SC 0.4 0.22 0.33 240 0.32
SE 0.4 0.33 0.27 117 0.32
SP 0.0 0.0 0.0 1603 0.31
TO 0.2 0.11 0.2 82 0.34
State Parliament
State k1 = 5 k1 = 9 k1 = 15 size Percf
AC 0.0 0.0 0.27 445 0.32
AL 0.2 0.22 0.47 321 0.32
AM 0.4 0.33 0.27 613 0.3
AP 0.0 0.0 0.2 462 0.33
BA 0.0 0.11 0.07 610 0.3
CE 0.0 0.22 0.33 578 0.3
DF 0.4 0.44 0.27 949 0.31
ES 0.2 0.22 0.2 590 0.31
GO 0.2 0.11 0.2 828 0.31
MA 0.6 0.33 0.27 496 0.32
MG 0.2 0.11 0.33 1329 0.32
MS 0.2 0.33 0.33 337 0.33
MT 0.0 0.0 0.07 338 0.31
PA 0.2 0.22 0.13 656 0.32
PB 0.6 0.44 0.6 400 0.31
PE 0.2 0.22 0.2 644 0.31
PI 0.4 0.33 0.4 211 0.32
PR 0.0 0.0 0.07 751 0.31
RJ 0.2 0.22 0.27 2368 0.31
RN 0.4 0.33 0.53 315 0.33
RO 0.0 0.0 0.0 408 0.32
RR 0.2 0.33 0.47 441 0.31
RS 0.4 0.22 0.4 829 0.32
SC 0.4 0.33 0.27 446 0.32
SE 0.2 0.22 0.2 301 0.33
SP 0.2 0.22 0.2 2055 0.31
TO 0.2 0.22 0.2 217 0.31
For the United States, the primary dataset comes from the website of the Social Security Administration [19]. On the
SSA platform, there is one file per year with the first names and gender of the American babies. For privacy reasons,
first names with fewer than five occurrences are not included in the dataset. For this study, we used the files with records
from births from 1939 to 2017, since the life expectancy of the average American is 78 years. Thus, considering the US
population of 325,147,121 in 2017 [20], about 85% (279,034,205) of the population is covered, being 143,895,912
(52%) men and 135,138,293 (48%) women.
In Scotland, there is a government department, the National Records of Scotland [21], that provides records from
births for men and women since 1974. There are 2,727,214 million individuals, representing about ≈ 50% of the total
population. In the primary dataset there are 1,399,018 men (≈ 51%) and 1,328,196 (≈ 49%) women.
Data from Spain comes from the National Statistics Institute [22]. We have accessed a spreadsheet that has all the first
names with a frequency greater than or equal to 20 of the residents of Spain. It covers 43,481,592 people (93%) of the
total population, being 21,471,601 men and 22,009,991 women.
In the case of Brazil, the data were obtained from the Brazilian Institute of Geography and Statistics (IBGE), in the
project "Names in Brazil", that makes available the number of people with each name and their respective gender. In
the dataset of Brazil, like we did with France and the United States, the life expectancy (75 years) was used to represent
the current living population, so that data from the 1940s to 2000s were considered for the country and has 76,098,733
people, being 42,986,632 men (57%) and 33,112,101 women (43%).
4 Methodology
Using the primary datasets previously described, we examined the following research question: given an alphabetically
ordered sample of N individuals, randomly taken from a primary dataset of individuals, can we quantify the gender
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imbalance in the list of the Top-k individuals (k ≤ n). The methodology consists of exploring samples of individuals in
different proportions of women and men. The intuition behind this strategy is that the samples represent the numerous
files with first names of people that can be used by information systems such as the list of candidates to the Brazilian
Parliament , that represents a sample of names. We created two groups of samples. The first one tended to maintain
the gender ratio of the primary dataset, while in the second group of unbalanced samples were generated in order
to emulate contexts where there is a historical prevalence of one gender over another (e.g., military enlistment).The
samples were generated using the Fisher-Yates shuffle technique [23] to generate a random permutation of a finite
linear array.This algorithm was chosen because it guarantees an unbiased result that is, every permutation of the array is
equally likely. For each primary dataset, the algorithm receives as parameter:the set of individuals of the primary dataset
I; The percentage of females of the sample Percfs; and the size of the sample n(number of individuals). Initially, 100
samples of 1000 individuals (n = 1000) were generated for values of Percfs belonging to 0.05, 0.1, 0.15, 0.2, 0.25,0.3,
0.35, 0.4, 0.45, 0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9, 0.95. Note that samples in which Percfs has the value 0.3
simulates the Brazilian political scenario of the candidates where 30% of the individuals are women.
We analyzed with statistical parity techniques [24] the two groups of samples to verify if the alphabetical ordering of
individuals’ first names causes gender imbalances in the Top-k individuals. This technique consists of verifying whether
the sample has proportion of males and females similar to the demographics of the entire population described in the
primary datasets.
In addition to the statistical analysis, we adapted a ranking fairness metric used in [24] to our problem. This metric is
the normalized discounted difference (rND), whose value increases when there are disproportions in the studied trait
(i.e., gender) among the Top-k elements (i.e., names) of the sample. Let Sf represent the set of women while the set of
men is represented by Sm. The metric makes a logarithmic discount based on the position k of the elements in the
sample. In addition, it quantifies the relative representation of Sf in a ranking, in this way, the equity will be calculated
based on discrete points of the ranking (Top-10, Top-20, etc.).
Normalized discounted difference (rND) calculates, for each k, the difference from the proportion of women for the
first k individuals of the sample to the same proportion for the complete sample. Formally, rND can be defined as:
rND =
1
Z
N∑
k=10,20,...
1
log2 k
∣∣∣∣∣size(Sfk )k − size(Sf )N
∣∣∣∣∣ (1)
Where size(Sfk ) represents the amount of women in the k first individuals of the sample and size(S
f ) represents the
total amount of women in the sample. The values are accumulated in discrete points in the ranking representing the
different values of k. The value of k starts in 10 and varies in intervals of 10. A logarithmic discount is applied and the
value is normalized. Normalizer Z is defined as the highest value of rND found. The rND, presented in this Section, is
normalized for values between [0, 1]. It has its best (fairest) value at 0 and its worst value at 1.
5 Measuring Imbalance Via Data Analysis
In order to answer for research question #1 (RQ1), we look at Figure 3, that exhibits the percentage of women (Percf )
among the Top-k individuals in the 100 samples of 1000 people (n = 1000), randomly extracted from each primary
dataset. There are two curves. The blue curve represents the samples of individuals that were randomly ordered while
the orange one shows individuals that were alphabetically ordered. The orange solid line illustrates the result of a non
parametric regression (using Nadaraya-Watson method) [25, 26]) over the orange dots (Percf values in the samples
ordered alphabetically). The solid blue line illustrates the result of a regression, also using the Nadaraya-Watson method,
for the Percf values when the sample is randomly ordered (the dots of the random sample were omitted in the Figure
for sake of clarity). In the experiments with the five primary datasets, it was observed that a random ordering maintains
the proportion of women with respect to the primary dataset (i.e., dashed black line), among the first k individuals. In
contrast, alphabetical ordering in the sample datasets was shown to generate a gender imbalance in the population.
The most striking cases occurred in France (k = 23), Scotland (k = 37), Spain (k = 10), Brazil (k = 59) and USA
(k = 86). For the three first datasets the striking cases represent women outnumbering men. The other two represent
the contrary. For k < 15 it is noted that alphabetical order tends to significatively put more men than women in the list
(exceeding the limits of the 95% confidence intervals, estimated by the bootstrap method [27]). For k < 50 this also
occurs except for the Brazilian dataset.
The unbalancing effect is because samples reflect two features of the Primary Datasets. First, in all datasets, for any
letter of the alphabet, it may occur popular names adopted by many people. Ordering a sample means defining what
popular name comes first as well as generating an ordered alternance between popular names. When in the Top-k of the
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Figure 3: Percentage of women among the Top-k individuals in the samples.
sample there is a popular name, the balancing tends do be dominated by the gender of the popular name. For example,
if there is a popular male name starting with “A” that comes first than any female popular name, men tend to outnumber
women for small values of k, because the Top-k will be dominated by men with this name.
Besides this effect of popularity, it may occur consecutive different names of either men or women what also implies to
large sequences of names of same gender. These two features combined explain the alternance of dominance leading to
a non-monotonic effect that can be seen in all Orange curves of the graphs of Figure 3 (except for Spain in which male
names dominate for all values of k).
The variation of the orange curves occurs because alphabetical ordering promotes the emergence of sequences from
individuals with the same name that end up interspersed with sequences of individuals of another name and different
gender. Suppose the sample containing only 10 individuals illustrated from Table 2, there are three people named Brian.
In column A, names appear randomly ordered. The three “Brians’ are in positions that are distant from each other,
7
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Table 2: Sample to explain the non-monotonicity behaviour of Percf .The samples have the same individuals, however,
in A they are randomly ordered while in B they are alphabetically ordered
A B
k Name Gender Percf k Name Gender Percf
1 Brian Male 0.00 1 Aaron Male 0.00
2 Aaron Male 0.00 2 Amy Female 0.50
3 Christina Female 0.33 3 Amy Female 0.66
4 Brian Male 0.25 4 Andrew Male 0.50
5 Christina Female 0.40 5 Ashley Female 0.50
6 Amy Female 0.50 6 Brian Male 0.40
7 Ashley Female 0.57 7 Brian Male 0.42
8 Amy Female 0.62 8 Brian Male 0.37
9 Andrew Male 0.55 9 Christina Female 0.44
10 Brian Male 0.50 10 Christina Female 0.50
i.e., one in the first position, the other one in fourth and the third one in the tenth position. On the other hand, when
the names are alphabetically ordered (column B), they are in contiguous positions, which significantly decreases the
Percf in the sample. Therefore, as can be seen there are other sequences of the same name in the sample. For example,
sequences of "Amy" and "Christina" cause changes to the Percf values,which produces the non-monotonic behavior
also shown in Figure 4.
Figure 5 helps to answer RQ2. It shows that in samples generated from the Brazilian primary dataset, the values of
rND(blue circles) are higher than those computed to other languages. This result reveals that, among the datasets
studied, there is a greater risk of gender bias in information systems that manipulate first names of Brazilian and Spanish
origin than systems that use names from other countries. This is especially so because of the low representation of a
gender (male in Brazil and female in Spain), especially in the first individuals of the samples. It is worth noting that
Latin America (Portuguese and Spanish speakers) is the region where listing persons in alphabetical ordering of first
name is widely used.
Figure 5 helps also to answer RQ3 because it shows the effect that alphabetical ordering has on the disproportion of a
given gender among the first k individuals of unbalanced samples (samples with quite different gender distribution
than its primary dataset). We have generated samples with 5%, 10%, 15%, ..., 85%, 90% and 95% proportion of
women in relation to men. For each percentage, 100 samples of 1000 individuals(n = 1000) were generated, these
were alphabetically ordered and their rND mean value was calculated. Finally, the mean values of rND were normalized
to Z = 1.1, the highest rND value found.
The relation between the fairness metric (rND) and the percentage of women in the samples (Percfs) is plotted in
Figure 5. It can be observed that there is a tendency to assign higher values of rND to samples in which the proportion
of men and women are similar. When the percentage of women (Percfs) is 50% the values of rND are the greatest.
This result reveals that samples having similar proportion of men and women, after being alphabetically ordered, tend
to favor one gender over the other in Top-k individuals
Another finding related to research question #3 is illustrated in Figure 6, that shows the average rND as function of
the size of the samples. The average rND is computed for 100 samples of each primary dataset. We observe that the
greater the sample, the greater the average rND. The size of the sample (n=1000) used in the experiment and depicted
in Figure 3 was a conservative choice that is not too biased. The results shown in Figure 6 are explained by the fact that
the greater the dataset the greater the number of repeated names. As a consequence, we perceive large sequences of
names of same gender that end up to dominate certain screen pages. When this occurs at the first pages, choices may be
biased for that gender represented in these pages.
Finally, the results depicted in Figure 3 allows to infer that the risk of disproportion of men and women is independent
on device (RQ4). This is due to the fact that this occurs at k values lesser than 17 (see zoom in each country chart),
which would include the first page of smartphones, tablets and even personal computers.
6 Implications On Information Visualization
Experts on usability have been studying methods for effective user navigation in screens [28] and the role of the order
to present elements of information on the screen. Basically they have assessed the preference of people to sites that go
straight to the point, letting them get things done quickly. [29] suggests that improved usability is about optimizing the
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Figure 4: Percf behavior for the sample illustrated in Table 2 B(sample with intercalated gender).
time that users take to achieve their purpose, how well they achieve it, and the satisfaction in doing it. Portals as those
we have exemplified in this article are typical examples of Web listing interfaces in which the scrolling task is done
from the users click in a specific area of interaction. For them the users’ attention is more dedicated to the first page
(usually called above the fold) than in the rest. In recent usability tests, using new techniques, such as infinite scrolling,
eye tracking data showed that, people scroll vertically more than they are used to but they will still look more above the
page fold than below it. They spend about 80% of time in the first three pages. That is the reason we have prioritized
the impact of the first pages.
Two basic theories explain the behavior of the users in the previously cited usability tests. The Fitts’s Law [10, 30]
predicts that the time required to rapidly move to a target area is a function of the ratio between the distance to the
target and the width of the target. On the other hand, the information foraging theory (IFT) proposed by [11] helps
to understand how humans search for information on the Web. Both theories address the notion of cost of searching
information in contrast with the benefits or utility of having that information. In controlled experiments with human
users browsing Web pages for a particular task, IFT shows that the frequency of access to Web pages follows a
logarithmic distribution. The first pages represent 80% of the access while the rest of the pages represents the other
20%. The reason behind this is that the expected values of continuing to scan diminishes with each additional listing
scanned. If the list of results is very long, there is usually a point at which the information seeker (the forager in the IFT
vocabulary) faces the decision of whether it is worth the effort of continuing to search for a better result than anything
encountered so far.
For the example of access to the political candidates portal, discussed in the second Section of this paper, the information
foraging theory models the user behavior as follows. There are basically two types of tasks that voters who access
portals with the candidate list can perform. The first task is to consult the number that identifies the candidate. In Brazil
voters have to enter the identification of the candidate in the electronic ballot box. In this case the alphabetical order
has no impact, because the candidate has already been chosen by the voter. A second task is that one performed by
voters who have no candidate yet. In this case, access to electoral portals is exploratory in order to seek information
about the candidates. Portals basically present the candidate’s name, political party, number and photo. The voter
may decide to cast her vote solely based on this information or browse other sites for more information to support her
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Figure 5: Relationship between the rND and the percentage of women in the samples. The blue circles, orange diamonds,
pink stars, green triangles and purple right triangles represents, respectively, the values of rND for Brazil, Spain, France,
United States and Scotland. When the proportion between men and women tends to be equal (Percfs ≈ 0.5) the values
of rND are higher.
choice, such as the candidate’s previous performance on the job. Both scenarios are typically described as information
foraging processes and consequently the names that appear on the front pages tend to be privileged. If there is a gender
imbalance between the names that appear first, biased decisions could occur.
Listing people alphabetically on a computer screen or on any other electronic output device is a traditional and universal
technique. Alphabetical order is easily understood by users and facilitates access to information. It is not always the
case that the display of names in alphabetical order can cause damage. The alphabetical list of candidates who have
passed a job contest is harmless. However, if the same list is used to support a candidate selection in a recruitment
process, it cannot be guaranteed to be completely harmless. In fact, the conclusion previously mentioned, had already
been recognized in a more general context of the lexicographic order. [31] makes reference to the behavioral current
represented by studies on rational choices [32] that the lexicographic order presupposes the element’s choice preference
based on the order of presentation. As the alphabetical order is a type of lexicographic order, the way information is
presented in the interfaces ends up becoming an additive effect in this choice process that privileges the first elements.
The results presented in this article show that for certain situations, especially those where people’s names are listed for
the purpose of supporting choice among the listed persons, the alphabetical order is not harmless and should draw the
attention of software engineers and IHC designers. The development of tools and guidelines to be followed by these
professionals can help them both in investigating the risk that a certain list of alphabetically ordered names may contain,
as well as mitigating the negative effects that can be seen by viewing this list.
7 Related Work
To the best of our knowledge this work is the first work to empirically investigate the potential impact of names that are
alphabetically ordered on models of preferences and choices in decision making. Depending on the type of the decision
making model, lexicographically ordered names could induce biased choices. The characterization of the display of
these names for user selection via scrolling has also been done.
Other works focus on measuring fairness in classified lists [24, 9], analyzing lists that meet the criteria of fairness [4] by
selecting fair and diverse sets [33]. Yang and Stoyanovich [24] studied the problem of fairness in rankings. Like us they
propose a statistical parity measure based on comparing the distributions of a list of individuals in different prefixes of
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Figure 6: Average rND from 100 samples of each primary dataset for different values of the sample size n. The graphs
illustrate in the y-axis the average rND and at the x-axis the values of n. In the five countries it was observed that the
greater the n, greater the rND.
the list (for example Top-10, Top-20, Top-30) and calculate the mean of these differences with a logarithmic discount
[34]. It is assumed that those who come first in a ranking benefit the most. This stems from the underlying assumption
that biased decisions always provide a positive result (bonus, selective choice) to the individuals on the list.
There is a large amount of work studying the impact of the order of names in the context of scientific publications.
Haque and Ginsparg [7] noted that the position of the article in the list of announcements of ArXiv is correlated with
the citations of this article. Feenberg, Ganguli, Gaule, and Gruber [6] have shown that there are similar biases for
downloads and citations of papers from NBER "New This Week" working papers. Ray and Robison [35] also suggest
a new alternative citation mechanism (certified random order), in place of the alphabetical order of scientific articles
as traditionally has been done in research in Economics [8]. Einav and Yariv [5] argue that several criteria for the
success of researchers and professors in the US economy (tenure at highly ranked schools, the Nobel Prize and Clark
Medal awards) are correlated with the initial letter of the surname, favoring those with letters at the beginning in the
alphabet, and this continues to occur when categorized by country, ethnicity and religion. [36] in a recent review, show
several other examples and concludes that there is convinving evidence that alphabetical discrimination exists and that
researchers react to it. Marketing research suggests that products presented first, have a higher probability of selection
[4]. In the context of the stock exchange, shares with names that begin with initial letters of the alphabet are more likely
to be traded [8].
8 Conclusion
The results presented in this research shed light on a problem that had not been recognized yet by researchers in
Computer and Information Science. Making recommendations that consist of good programming and interface practice
guidelines can support developers in circumstances where alphabetical ordering of names and the consequent display
of those names on devices may induce biased choices. For legacy systems, it also opens the way to understand the
magnitude of the problem from the analysis of software already developed and that may be producing alphabetical
orders that show implicit ordering that causes an imbalance in the population viewed. The number of examples in
proprietary information systems is possibly yet much larger than systems publicly open on the Web.
Solutions to mitigate the problems described here are out of the scope of this article. Some avenues are using methods
that combine ordering and equitable balancing of the samples to be viewed, similar to that proposed by [33]. Algorithms
to achieve the equal balance have been recently proposed [37, 38]. Another alternative is to follow what has been
proposed by Zehlike et al. [9] who claims that the proportion of members of a protected group(such as gender, ethnic
majority/minority,or disability status) in each classification prefix remains statistically above a given threshold. Celis et
al. [4] provide a theoretical investigation of classification with restrictions of fairness. In their work, impartiality in a
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classification list is quantified as a limit superior to the number of items in the Top-k that belong to several, possibly
overlapping, types. However, all these alternative solutions requires usability tests for measuring the impact on the user.
Besides the mentioned impacts, new lines of research can investigate how software engineering practices can avoid
biased results. Generalization can occur either at the level of the entity’s name being ordered (e.g., company names,
place names) or at the level of the attribute to be evaluated. In this article we focus on gender, but there are other
properties, such as race, that may behave similarly, since people’s names are usually associated with ethnic factors. For
race, an analysis by family name is more appropriate. A temporal analysis of the names the most frequent during the
years may also shed light on how much the harm of the alphabetical order of names varies over time. Another potential
avenue might be nationality bias in alphabetical ranking by surname. For example, are Scandinavian or Korean names
disadvantaged by alphabetical ordering by surname when a multinational dataset of names is used?
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